Alzheimer's disease (AD) can be conceptualized as a disconnection syndrome. Both remitted geriatric depression (RGD) and amnestic mild cognitive impairment (aMCI) are associated with a high risk for developing AD. However, little is known about the similarities and differences in the topological patterns of white matter (WM) structural networks between RGD and aMCI. In this study, diffusion tensor imaging and deterministic tractography were used to map the human WM networks of 35 RGD patients, 38 aMCI patients, and 30 healthy subjects. Furthermore, graph theoretical methods were applied to investigate the alterations in the global and regional properties of the WM network in these patients. First, both the RGD and aMCI patients showed abnormal global topology in their WM networks (i.e., reduced network strength, reduced global efficiency, and increased absolute path length) compared with the controls, and there were no significant differences in these global network properties between the patient groups. Second, similar deficits of the regional and connectivity characteristics in the WM networks were primarily found in the frontal brain regions of RGD and aMCI patients compared with the controls, while a different nodal efficiency of the posterior cingulate cortex and several prefrontal brain regions were also observed between the patient groups. Together, our study provides direct evidence for the association of a great majority of convergent and a minority of divergent connectivity of WM structural networks between RGD and aMCI patients, which may lead to increasing attention in defining a population at risk of AD.
Introduction
Late-onset depression, a clinical syndrome associated with an increased risk for developing Alzheimer's disease (AD) (Blasko et al., 2010) , is complicated by cognitive impairments, including marked or mild impairment in cognitive function (Butters et al., 2004) . Moreover, depressive symptoms and cognitive impairments are thought to have interactive effects Xie et al., 2011) . However, whether these depressive symptoms constitute a true risk factor or are a consequence of the cognitive decline that leads to AD remains largely unclear.
In first-episode remitted geriatric depression (RGD) subjects, alterations of structure and function have been shown in the frontal-temporal-parietal regions, particularly in the frontal areas (Alexopoulos et al., 2008; Yuan et al., 2008a,b) . Specifically, approximately one-half of demonstrated brain ␤-amyloid accumulation in the aforementioned cortical areas among RGD is in a pattern characteristic of early AD (Butters et al., 2008) . Such a changing pattern was also observed in amnestic mild cognitive impairment (aMCI) pathologic (Jagust et al., 2010) and neuroimaging (Pihlajamäki et al., 2009) studies. aMCI has a probability of developing into AD with a prevalence of 10 -15% per year (Petersen et al., 1999) , and a combination of aMCI and depression has been thought to represent the superimposed AD neuropathology (Butters et al., 2008) . In particular, the predominance of cognitive impairments in aMCI involves memory dysfunction (Petersen et al., 1999) , while RGD is particularly associated with dysfunction in executive control (Morimoto et al., 2011) . Thus, we assume that there are commonalities and distinctions in the neurophysiologic mechanisms in RGD and aMCI.
The biological hypothesis of AD as a disconnection syndrome have been proposed, involving progressive biochemical and structural changes, which begin at the cellular and synaptic level and ultimately culminate in neuronal death and white matter (WM) degeneration (Delbeuck et al., 2003; He et al., 2009 ). Advances in the development and application of diffusion tensor imaging (DTI) and graph theory methods allow for the investigation of topological patterns of human WM networks in vivo (Bullmore and Sporns, 2009; He and Evans, 2010; Stam, 2010; Bullmore and Bassett, 2011; Sporns, 2011) . In healthy populations, WM networks have been mapped using deterministic (Hagmann et al., 2008; Gong et al., 2009a; Shu et al., 2009 Shu et al., , 2011 or probabilistic tractography methods (Iturria-Medina et al., 2008; Gong et al., 2009b) . These resultant networks exhibited nontrivial topological properties such as small worldness and network hubs. Moreover, this model has accelerated our understanding of aberrant structural connectivity in AD (Lo et al., 2010) . Although both RGD and aMCI could be risk factors for developing AD at a later stage, no study has directly examined the topological organization of WM networks between RGD and aMCI.
Here, we used DTI tractography and graph theory approaches to investigate changes in the topological organization of the WM network in first-episode RGD and aMCI. We sought to determine whether WM networks would show (1) abnormal topological organization in patients with RGD and aMCI, and (2) similarities and differences in the patterns of deficits between the two patient groups.
Materials and Methods

Subjects
The present study recruited 103 elderly individuals (all of whom were Chinese Han and right-handed), including 35 RGD subjects (14 males and 21 females), 38 aMCI subjects (25 males and 13 females), and 30 healthy controls (16 males and 14 females), through normal community health screening, newspaper advertisement, and hospital outpatient service. A written informed consent was obtained from all of the participants, and the study was approved by the Research Ethics Committee of Affiliated ZhongDa Hospital, Southeast University. Some of these subjects were previously enrolled in our independent studies (Bai et al., 2009a; Yuan et al., 2010 ).
All first-episode RGD subjects (i.e., who were not depressed after the remission of the depressive symptoms) were interviewed in a semistructured interview included in the Structured Clinical Interview for Diagnostic and Statistical Manual of Mental Disorders, Fourth Edition (DSM-IV) Axis I Disorders (SCID-I), Clinician Version, and met the following inclusion criteria: (1) all subjects had previously met DSM-IV criteria for major depression disorder and had remitted for Ͼ6 months before enrollment, (2) these subjects had only one depressive episode with an age of onset was Ͼ60 years, (3) Hamilton Depression Rating Scale (HDRS) scores were Ͻ7 and Mini Mental State Exam score (MMSE) scores were Ͼ24, (4) duration of illness was Ͻ5 years and the medication-free period for all subjects was longer than 3 months before the assessment. Exclusion criteria were as follows: (1) another major psychiatric illness, including substance abuse or dependence; (2) primary neurological illness, including dementia or stroke; (3) medical illness impairing cognitive function; (4) history of electroconvulsive therapy; (5) T2-weighted MRI of all subjects showing major WM changes, infarction, or other lesions (two experienced radiologists executed the scans). The RGD subjects had a mean age of illness onset at 64.86 (Ϯ4.36) years. The mean duration of illness was 3.10 (Ϯ1.21) years. All patients had previously taken antidepressant medication: 25 patients, selective serotonin reuptake inhibitors, and 10, serotonin-noradrenaline reuptake inhibitors.
All aMCI subjects met the diagnostic criteria proposed by Petersen et al. (1999) and others (Winblad et al., 2004) : including (1) subjective memory impairment corroborated by subject and an informant; (2) objective memory performances documented by an Auditory Verbal Learning Test-delayed recall score that is Յ1.5 SD of age-adjusted and education-adjusted norms (the cutoff was Յ4 correct responses on 12 items for Ն8 years of education); (3) normal general cognitive functioning evaluated by a MMSE of 24 or higher; (4) a Clinical Dementia Rating of 0.5, with at least a 0.5 in the memory domain; (5) no or minimal impairment in activities of daily living; (6) absence of dementia, or not sufficient to meet the National Institute of Neurological and Communicative Disorders and Stroke and the Alzheimer's Disease and Related Disorders Association criteria for AD. Exclusion criteria were as follows: (1) a past history of known stroke (modified Hachinski score of Ͼ4), alcoholism, head injury, Parkinson's disease, epilepsy, major depression (excluded by Self-Rating Depression Scale), or other neurological or psychiatric illness (excluded by clinical assessment and case history); (2) major medical illness (e.g., cancer, anemia, and thyroid dysfunction); (3) severe visual or hearing loss; (4) T2-weighted MRI of all subjects showing major WM changes, infarction, or other lesions (two experienced radiologists executed the scans).
The control subjects were required to have a clinical dementia rating of 0, an MMSE score of Ն26, and a delayed recall score of Ͼ4 for those with Ն8 years of education. These participants also met the aforementioned exclusion criteria for RGD and aMCI.
MRI data acquisition
The subjects were scanned using a 1.5 tesla scanner (General Electric Medical Systems) with a homogeneous birdcage head coil. Subjects lay supine with the head snugly fixed by a belt and foam pads to minimize head motion. Conventional axial fast relaxation fast spin echo sequence T2-weighted anatomic MR images were obtained to rule out major WM changes, cerebral infarction, or other lesions: repetition time (TR), 3500 ms; echo time (TE), 103 ms; flip angle, 90°; acquisition matrix, 320 ϫ 192; field of view (FOV), 240 mm ϫ 240 mm; thickness, 6.0 mm; gap, 0 mm; number of excitations (NEX), 2. High-resolution T1-weighted axial images covering the whole brain were acquired using a 3D spoiled gradient echo sequence as follow: TR, 9.9 ms; TE, 2.1 ms; flip angle, 15°; acquisition matrix, 256 ϫ 192; FOV, 240 mm ϫ 240 mm; thickness, 2.0 mm; gap, 0 mm. Diffusion-weighted imaging was acquired with single-shot echo-planar imaging sequence in alignment with the anteriorposterior commissural plane. The diffusion sensitizing gradients were applied along 25 noncollinear directions (b ϭ 1000 s/mm 2 ), together with an acquisition without diffusion weighting (b ϭ 0). Thirty contiguous axial slices were acquired with a slice thickness of 4 mm and no gap. The acquisition parameters were as follows: TR, 10,000 ms; TE, 81.2 ms; flip angle, 90°; acquisition matrix, 128 ϫ 128; FOV, 240 ϫ 240 mm; NEX, 2.
Data preprocessing
The data preprocessing consisted of the following steps: eddy current and motion artifact correction of the DTI data (FSL; http://www.fmrib.ox. ac.uk/fsl), estimation of the diffusion tensor, calculation of the fractional anisotropy (FA), and diffusion tensor tractography. The eddy current distortions and motion artifacts in the DTI dataset were corrected for by applying an affine alignment of each diffusion-weighted image to the b ϭ 0 image. After this process, the diffusion tensor elements were estimated by solving the Stejskal and Tanner equation, and then, the reconstructed tensor matrix was diagonalized to obtain three eigenvalues ( 1 , 2 , 3 ) and eigenvectors. The FA of each voxel was also calculated. Diffusion tensor tractography was implemented using DTI-Studio software (H. Jiang and S. Mori, The Johns Hopkins University, Baltimore, MD) by using the "fiber assignment by continuous tracking" method (Mori et al., 1999) . All of the tracts in the dataset were computed by seeding each voxel with an FA that was Ͼ0.2. The tractography was terminated if it turned an angle Ͼ45°or reached a voxel with an FA of Ͻ0.2 (Mori et al., 1999) . The tractography was performed in each subject to generate three-dimensional curves that characterize neural fiber tract connectivity (Conturo et al., 1999; Basser et al., 2000) , and it was performed using DTI-Studio. Tens of thousands of streamlines were generated to etch out all of the major WM tracts. To test the effects of the FA threshold of tractography on the results of the network analyses, we also performed whole-brain WM tractography with an FA threshold of 0.3 and constructed a WM network for each participant. Similar results of the network analyses were obtained (data not shown).
Network construction
The WM connectivity was modeled as a network comprising a total of 90 nodes (Table 1, Fig. 1 ). In this study, we defined all of the network nodes and edges using the following procedures.
Network node definition. The procedure used to define the nodes has been previously described (Gong et al., 2009a; Shu et al., 2009 Shu et al., , 2011 and was performed in this study using SPM8 software (http://www.fil.ion. ucl.ac.uk/spm/software/spm8). Briefly, individual T1-weighted images ) to the AAL template in the MNI space (e), resulting in a subject-specific AAL mask in the DTI native space (f ). All of the registrations were implemented in the SPM8 package. (4) The reconstruction of all of the WM fibers (d) in the whole brain using DTI deterministic tractography in DTI-Studio. (5) The weighted networks of each subject were created by computing the fiber numbers (FNweighted) that connected each pair of brain regions. The matrices and 3D representations (lateral view) of the mean WM structural networks of each group are shown in the bottom panel (g). The nodes and connections were mapped onto the cortical surfaces using the in-house BrainNet viewer software (www.nitrc.org/projects/bnv/). For details, see Materials and Methods. HC, Healthy controls.
were coregistered to the b0 images in the DTI space. The transformed T1 images were then nonlinearly transformed into the ICBM152 T1 template in the MNI space. The inverse transformations were used to warp the automated anatomical labeling (AAL) atlas (Tzourio-Mazoyer et al., 2002) from the MNI space to the DTI native space. Of note, discrete labeling values were preserved using a nearest-neighbor interpolation method. Using this procedure, we obtained 90 cortical and subcortical regions (45 for each hemisphere) (Table 1) , each representing a node of the network (Fig. 1) .
Network edge definition. To define the network edges of the 90 regions, we selected a threshold value for the fiber bundles. Two regions were considered structurally connected if at least three fibers (T ϭ 3) with two endpoints were located in these two regions (Shu et al., 2011) . Such a threshold selection reduced the risk of false-positive connections due to noise or the limitations in the deterministic tractography and simultaneously ensured the size of the largest connected component (i.e., 90) that was observed in the networks across all of the controls (Shu et al., 2011) . In this study, we also evaluated the effects of different thresholds on the network analysis by setting threshold values of the number of fiber bundles to range from 1 to 5. We found that the threshold procedure did not significantly influence our results (see Results). If not indicated otherwise, we reported our results mainly based on a value of T ϭ 3. After defining the network edges, the weighted network analyses were performed. Specifically, we defined the fiber number (FN) of the connected fibers between two regions as the weights of the network edges. As a result, we constructed the FN-weighted WM network for each participant, which was represented by a symmetric 90 ϫ 90 matrix (Fig. 1 ).
Network analysis
To characterize the topological organization of WM structural networks, several graph measures were considered here, as follows: network strength, global efficiency, local efficiency, shortest path length, clustering coefficient, and small worldness (Rubinov and Sporns, 2010) . For a recent review on the uses and interpretations of these network measures, see Rubinov and Sporns (2010) and the following descriptions.
Network strength. For a network (graph) G with N nodes and K edges, we calculated the strength of G as follows:
where S(i) is the sum of the edge weights w ij (w ij are the FN values for the weighted networks) linking to node i. The strength of a network is the average of the strength across all of the nodes in the network. To control for the effects of the different number of total fiber on the network topological differences, the connectivity matrix of each subject was first normalized by the network strength (the total number of interconnect- 
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The FN-weighted WM networks for each participant were constructed using two parcellation methods (L-AAL and H-1024). The comparisons of the global network measures were performed among the three groups (aMCI, RGD, and controls) using univariate ANCOVAs. Post hoc pairwise comparisons were then performed using t test. Values estimated the marginal means (SEs) of the global network measures after covarying out age, gender, and education effects. p Ͻ 0.05 was considered significant. NS, Not significant. a Post hoc paired comparisons showed significant group differences between control versus aMCI.
b Post hoc paired comparisons showed significant group differences between control versus RGD.
ing fibers between regions) before the calculation of the following network properties. Small-world properties. Small-world network parameters (clustering coefficient, C p , and shortest path length, L p ) were originally proposed by Watts and Strogatz (1998) .
In this study, we investigated the small-world properties of the weighted brain networks. The clustering coefficient of a node i, C(i), which was defined as the likelihood of whether the neighborhoods were connected with each other or not, was computed as follows:
where k i is the degree of node i and w is the weight, which is scaled by the mean of all weights to control each participant's cost at the same level. The clustering coefficient is zero [C(i) ϭ 0] if the nodes are isolated or have just one connection (i.e., k i ϭ 0 or k i ϭ 1). The clustering coefficient, C p , of a network is the average of the clustering coefficient over all nodes and indicates the extent of the local interconnectivity or cliquishness in a network (Watts and Strogatz, 1998) . The path length between any pair of nodes (e.g., node i and node j) is defined as the sum of the edge lengths along this path. For weighted networks, the length of each edge was assigned by computing the reciprocal of the edge weight, 1/w ij . The shortest path length, L ij , is defined as the length of the path for node i and node j with the shortest length. The shortest path length of a network was computed as follows:
where N is the number of nodes in the network. The L p of a network quantifies the ability for information to propagate in parallel.
To examine the small-world properties, the clustering coefficient, C p , and the shortest path length, L p , of the brain networks were compared with those of random networks. In this study, we generated 100 matched random networks, which had the same number of nodes, edges, and degree distribution as the real networks (Maslov and Sneppen, 2002) . Of note, we retained the weight of each edge during the randomization procedure such that the weight distribution of the network was preserved. Furthermore, we computed the normalized shortest path length (), ϭ L p real /L p rand , and the normalized clustering coefficient (␥), ␥ ϭ C p real /C p rand , where L p rand and C p rand are the mean clustering coefficient and the mean shortest path length of 100 matched random networks, respectively. Importantly, two parameters correct the differences in the edge number and degree distribution of the networks across individuals. A real network would be considered small-world if ␥ Ͼ 1 and Ϸ 1 (Watts and Strogatz, 1998) . Thus, a small-world network not only has a higher local interconnectivity but also has an approximately equivalent shortest path length compared with random networks. These two measurements can be summarized into a simple quantitative metric, small-worldness, ϭ ␥/, which is typically Ͼ1 for small-world networks (Humphries et al., 2005) .
Network efficiency. The global efficiency of G measures the global efficiency of the parallel information transfer in the network (Latora and Marchiori, 2001) , which can be computed as follows:
where L ij is the shortest path length between node i and node j in G. The local efficiency of G reveals how much the network is fault tolerant and shows how efficient the communication is among the first neighbors of the node i when it is removed. The local efficiency of a graph is defined as follows:
where G i denotes the subgraph composed of the nearest neighbors of node i. Regional nodal characteristics. To determine the nodal (regional) characteristics of the WM networks, we computed the regional efficiency, E nodal (i) (Achard and Bullmore, 2007) , as follows:
where L ij is the shortest path length between node i and node j in G. E nodal (i) measures the average shortest path length between a given node i and all of the other nodes in the network. The node i is a brain hub if E nodal (i) is at least 1 SD greater than the average nodal efficiency of the network [i.e., E nodal (i) Ͼ mean ϩ SD]. Network connectivity characteristics. To further localize specific pairs of brain regions in which the structural connectivity was altered in patients, we used a network-based statistic (NBS) approach (Zalesky et al., Figure 2 . Global measures of WM structural networks were quantified in the control, aMCI, and RGD patients. The threshold (horizontal axis) determined the minimum number of streamlines that needed to interconnect a pair of nodes for a connection to be assumed. The data points are marked with an asterisk to indicate a significant difference ( p Ͻ 0.05) among the three groups. Note that T ϭ n (1, 2, 3, 4, 5) indicates at least n or more streamlines must be present for a link to be drawn. Significant group effects in the network strength, global efficiency, and absolute path length were observed for most of the thresholds. Note that the FN-weighted WM network for each participant was constructed using the AAL template. HC, Healthy controls.
2010b). Briefly, we identified regional pairs, which show between-group differences in structural connectivity, and used the NBS method to localize connected networks that show significant changes in both the aMCI and RGD patients.
High-resolution brain network analysis
It has been previously shown that brain graph metrics are dependent on the resolution of the network (i.e., network size) (van den Heuvel et al., 2008; Wang et al., 2009; Zalesky et al., 2010a) . Recent studies have suggested the use of higher-resolution networks, of up to 1000 smaller parcels, instead of using a coarse parcellation scheme of 90 brain regions (Hagmann et al., 2008; van den Heuvel et al., 2008) . Therefore, we further subdivided the AAL template into 1024 ROIs with equal size [i.e., high-resolution (H-1024)] (Zalesky et al., 2010a) . Then, we performed a high-resolution network analysis to examine the topological alterations in aMCI and RGD patients. Similar to the lowresolution AAL (L-AAL) networks, the number of interconnecting fibers was defined as the weight of the network edge, which results in a symmetric 1024 ϫ 1024 matrix for each participant.
Statistical analysis
To test the group differences in age, years of education, and neuropsychological scores, we analyzed the data with separate one-way ANOVAs. Post hoc pairwise comparisons were then performed using t tests. The gender data were analyzed using a 2 test. To determine the group differences in global network measures and regional nodal characteristics, comparisons were performed among the three groups using univariate ANCOVAs. Post hoc pairwise comparisons were then performed using a general linear model. The effects of age, gender, and years of education were adjusted for all of these analyses. A value of p Ͻ 0.05 was considered significant.
To determine the significance levels of altered connectivity networks in the NBS analysis, we first detected the significant nonzero connections within each group by performing a nonparametric onetailed sign test. For each pair of brain regions, the sign test was performed with the null hypothesis that there is no existing connection, that is, "fiber bundle number ϭ 0." The Bonferroni method was then used to correct for multiple comparisons (i.e., 90 ϫ 89/2 ϭ 4005 pairs of regions) at p Ͻ 0.05. Next, the nonzero connections within either the patient or control groups were detected and combined into a connection mask. The NBS approach was then conducted within the connection mask, where a primary threshold ( p ϭ 0.05) was first applied to a t statistic (two-sample one-tailed t tests). This t statistic was computed for each link to define a set of suprathreshold links among which any connected components and their size (number of links) could then be determined. To estimate the significance for each component, the null distribution of the connected component size was empirically derived using a nonparametric permutation approach (10,000 permutations). For each permutation, all of the subjects were randomly reallocated into two groups, and the t statistic was computed independently for each link. Next, the threshold ( p ϭ 0.05) was used to generate suprathreshold links among which the maximal connected component size was recorded. Finally, for a connected component of size M that was found in the right grouping of controls and patients, the corrected p value was determined by calculating the proportion of the 10,000 permutations for which the maximal connected component was larger than M. Of note, the effects of age, gender, and years of education were removed by a regression analysis performed before the statistical analysis of connections. For a detailed description, see the study by Zalesky et al. (2010b) .
Results
Neuropsychological test results
The demographic data are shown in Table 2 . Although the education and gender distribution were not different between the three groups ( p Ͼ 0.05), one-way ANOVAs indicated that the three groups were not matched for age ( p Ͻ 0.05) (it should be noted that the age effect was removed in all of the following network analyses). The neuropsychological characterizations for each group are presented in Table 2 . The ANOVAs showed significant group effects in most of the test scores. Specifically, aMCI patients showed greater deficits in episodic memory (i.e., auditory verbal memory test-delayed recall and Rey-Osterrieth complex figure test-delayed recall) than RGD patients. In contrast, a tendency toward a greater alteration in executive function was observed in the RGD patients compared with the aMCI patients (i.e., trail-making tests, A and B). Three-dimensional representations of the hub distributions in the control, aMCI, and RGD groups. The hub nodes are shown in red with node sizes that represent their nodal efficiency values. The regions were mapped onto the cortical surface at a lateral view. The nodal regions were located according to their centroid stereotaxic coordinates. Note that the FN-weighted WM network for each participant was constructed using the AAL template. HC, Healthy controls. For the abbreviations of the nodes, see Table 1 .
Global topology of the WM structural networks
Both of the patients and control subjects showed a small-world organization of the WM networks, as expressed by ␥ Ͼ 1 and Ϸ 1 (Table 3, Fig. 2 ). Among the three groups, ANCOVAs on the global network properties showed significant group effects in network strength, global efficiency, and absolute shortest path length (Table 3 ). In addition, post hoc comparisons showed significantly reduced strength, decreased global efficiency, and increased absolute path length in both the RGD and aMCI patients relative to the controls. However, no differences (all p Ͼ 0.5) were found between the RGD and aMCI patients in these parameters (Table 3) .
Node-based analysis Identification of network hubs
The hub nodes with a size of E nodal (i) on the cortical surfaces are shown in Figure 4 . For each group, we identified 14 hub regions, including 10 association cortical regions and 4 primary cortical regions (Fig. 3, Table 4 ). In particular, 13 of the hub regions were the same for all of the groups, including the bilateral dorsal superior frontal gyrus (SFGdor), bilateral middle frontal gyrus (MFG), bilateral precentral gyrus (PreCG), bilateral postcentral gyrus (PoCG), bilateral superior frontal gyrus, medial (SFGmed), left middle occipital gyrus (MOG), and bilateral middle temporal gyrus (MTG). One hub region, the left superior occipital gyrus (SOG), was identified as a hub in the control and aMCI groups, but not in the RGD group. In addition, the left precuneus (PCUN) was identified as a hub in the RGD group, but not in the other two groups. Moreover, the hubs identified for all of the groups were predominantly found in regions of the association cortices. These results were approximately consistent with those obtained from previous studies (He et al., 2007; Hagmann et al., 2008; Iturria-Medina et al., 2008; Gong et al., 2009a; Shu et al., 2009 Shu et al., , 2011 .
Between-group differences in regional efficiency
Following the discovery of a disrupted global network organization, we further localized the regions with altered nodal efficiency in the patients (Table 5 , Fig. 4 ). Among the three groups, we found that the regions with significant group effects were mainly distributed in the frontal and parietal cortices, including seven frontal regions [left SFGmed, bilateral SFGdor, bilateral MFG, left triangular part of the inferior frontal gyrus (IFGtriang), left anterior cingulate gyrus (ACG)] and four parietal regions [right posterior cingulate gyrus (PCG), left PreCG, and bilateral angular gyrus (ANG)]. Post hoc tests showed that most of these regions (10 of 11) had a reduced efficiency in aMCI patients compared with controls. In six of these regions, including the left SFGmed, bilateral SFGdor, left MFG, left ACG, and left PreCG, reduced efficiency was observed in the RGD patients compared with controls. In particular, decreased regional efficiency of the frontal structures (five regions) in the WM networks were common deficits between the RGD and aMCI. Only one region (i.e., right PCG) showed significant group differences between the RGD and aMCI patients, with a higher nodal efficiency observed in the The FN-weighted WM network for each participant was constructed using an AAL template. The hub regions were identified if E nodal (i) was at least 1 SD greater than the mean nodal efficiency of the network ͓i.e., E nodal (i) Ͼ mean Ϯ SD͔. The hubs were then sorted by the mean normalized nodal efficiency (divided by the mean of all nodes) in each group. The cortical regions were classified as primary, association, and paralimbic. The FN-weighted WM network for each participant was constructed using an AAL template. The comparisons of nodal efficiency were performed among the three groups (aMCI, RGD, and controls) using univariate ANCOVAs. Post hoc pairwise comparisons were then performed using t test. The age, gender, and education effects were removed in all of these analyses. For ANCOVAs of the 90 brain regions, p Ͻ 0.05 (uncorrected) was considered significant. For post hoc tests, p Ͻ 0.05 was considered significant. NS, Not significant. For T values, each negative column represents aMCI Ͻ control, RGD Ͻ control, and RGD Ͻ aMCI, respectively.
RGD than the aMCI patients. However, this efficiency was no different from controls in either patient group.
Connectivity-based analysis
We used the NBS method to identify the disrupted connected components in patients (Fig. 5) . For the aMCI group, a single connected network with 33 nodes and 35 edges was altered ( p ϭ 0.002, corrected). The involved nodal regions mainly included the bilateral frontal [PreCG, SFGdor, SFGmed, MFG, IFGtriang, opercular part of inferior frontal gyrus (IFGoperc), and the supplementary motor area (SMA)], temporal [superior temporal gyrus (STG), MTG, and inferior temporal gyrus (ITG)] and paralimbic [orbital part of superior frontal gyrus (ORBsup), orbital part of middle frontal gyrus (ORBmid), medial orbital part of superior frontal gyrus (ORBsupmed), insula (INS), ACG, median cingulate and paracingulate gyri (DCG), olfactory cortex (OLF), gyrus rectus (REC), temporal pole of superior temporal gyrus (TPOsup), and temporal pole of the middle temporal gyrus (TPOmid)] regions (Fig. 5A ). There were also two occipital regions [MOG and inferior occipital gyrus (IOG)], a parietal region (ANG), and a subcortical structure [amygdala (AMYG)] (Fig.  5A ). For the RGD group, a single connected network consisting of 18 nodes and 19 edges in the right hemisphere was altered ( p ϭ 0.015, corrected). The nodes were primarily composed of several temporal (STG, MTG, and ITG), occipital [SOG, MOG, IOG, and fusiform gyrus (FFG)], paralimbic [ORBsup, INS, parahippocampal gyrus (PHG), TPOsup, and TPOmid] and subcortical [hippocampus (HIP), caudate nucleus (CAU), putamen (PUT), pallidium (PAL), and thalamus (THA)] regions (Fig. 5B) . Importantly, all of the connections exhibited decreased values in the patients compared with the controls. No significant differences were found with respect to connected components between aMCI and RGD patients.
High-resolution structural brain networks
In addition to the L-AAL network analysis, an H-1024 network analysis was also performed. First, both the patients and control subjects showed a small-world topology of the high-resolution WM networks (Table 3) . Among the three groups, significant group effects in network strength, global and local efficiencies, and the absolute shortest path length were observed. Post hoc comparisons showed significantly reduced strength, decreased global and local efficiencies, and increased absolute path length in both the RGD and aMCI patients compared with the controls. However, there were no differences (all p Ͼ 0.5) found between the RGD and aMCI patients in these parameters. These results were comparable with those of the L-AAL network analyses. Second, the hub distributions of each group are shown in Figure 6 A. We found that the hub distributions were also approximately similar to those obtained from the L-AAL network analyses, which were mainly distributed in the association cortices. Third, we identified the nodes with reduced efficiency in the patients ( p Ͻ 0.005, uncorrected) (Fig. 6 B) , which were mainly distributed in the frontal brain regions. We determined that most of the nodes (36 of 42) exhibited a reduced efficiency in both the aMCI and RGD patients relative to the controls. Between the aMCI and RGD groups, three nodes in the prefrontal cortex showed a reduced efficiency ( p Ͻ 0.05, uncorrected) in the RGD patients compared with the aMCI patients. In addition, one node in the left inferior frontal gyrus showed a reduced efficiency ( p Ͻ 0.01, uncorrected) in the aMCI patients than in the RGD patients.
Discussion
Using DTI and graph theory methods, we showed the topological alterations of WM networks in RGD and aMCI. The three main findings are as follows: (1) the organization of the WM network in these patients was significantly disrupted, as indicated by reduced network strength and global efficiency; (2) decreased regional and connectivity characteristics of primarily frontal structures were deficits common between the two patient groups; and (3) different regional/connectivity characteristics of the PCG and several prefrontal regions were observed between the RGD and aMCI groups. These findings extend our understand- The distribution of brain regions with significant group effects in the nodal efficiency among the three groups at p Ͻ 0.05 (uncorrected). The node sizes indicate the significance of between-group differences in the regional efficiency. For each node, the bar and error bar represent the mean value and SD, respectively, of the nodal efficiency in each group. Post hoc tests showed that most of these regions (10 of 11) have a reduced efficiency in the aMCI patients versus the controls. Six of these regions, including the left SFGmed, bilateral SFGdor, left MFG, left ACG, and left PreCG showed a reduced efficiency in the RGD patients compared with the controls. Only one region (right PCG) showed significant group differences between the RGD and aMCI patients, with a higher efficiency in RGD than in aMCI. A single asterisk (*) represents a significant group difference at p Ͻ 0.05; a double asterisk (**) represents a significant group difference at p Ͻ 0.01. The network shown here was constructed by averaging the anatomical connection matrices of all healthy controls with a threshold of a sparsity of 10%. Note that the FN-weighted WM network for each participant was constructed using the AAL template. The nodes and connections were mapped onto the cortical surfaces using in-house BrainNet viewer software (www.nitrc.org/projects/bnv/). HC, Healthy controls. For the abbreviations of the nodes, see Table 1 .
ing of the neurophysiologic mechanisms involved in these two diseases from a network perspective.
Disrupted global topological organization in the WM networks WM networks in the RGD, aMCI, and controls showed smallworld properties (i.e., high global and local efficiencies), which were consistent with previous diffusion MRI-based WM network studies performed in healthy adults (Hagmann et al., 2008; Iturria-Medina et al., 2008; Gong et al., 2009a,b; Shu et al., 2009 Shu et al., , 2011 Lo et al., 2010) . However, several topological properties, including network strength, global efficiency, and absolute path length, were significantly altered in the RGD and aMCI groups compared with controls. These findings were consistent with previous neuroimaging studies using graph analysis to study depression (Leistedt et al., 2009 ) and AD (Stam et al., 2007; He et al., 2008; Supekar et al., 2008; Lo et al., 2010) . Lower network strength was related to the sparse connectivity of the brain networks, which suggests a reduced WM integrity in the RGD and aMCI patients. The global efficiency reflects the information transfer between remote regions and is mainly associated with long-range connections. Decreases in global efficiencies reflect a disrupted global integration of the WM networks in these patients, which could be due to disconnections between brain regions. In addition, short path lengths ensure interregional effective integrity or prompt transfer of information in brain networks, which constitutes the basis of cognitive processes (Sporns and Zwi, 2004) . Thus, the disease-related increases in the absolute path length may be attributable to the degeneration of fiber bundles used for information transmission. Consistent with previous studies associated with WM disconnections in the brain of RGD (Yuan et al., 2010) and aMCI (Bai et al., 2009a) , this study is the first to report topologically convergent and divergent patterns of the whole-brain WM networks between these patients.
Common deficits of regional/ connection characteristics in the WM networks
The common deficits of regional alterations in the RGD and aMCI networks were associated with decreased nodal efficiency, predominately located in the frontal lobe. This finding was similar to that of a recent WM network study of AD, showing disconnections of the WM in these regions (Lo et al., 2010) . Moreover, the abnormal frontal lobe has been reported in previous WM integrity studies of RGD (Alexopoulos et al., 2008; Yuan et al., 2010) and aMCI patients (Bai et al., 2009a; Zhuang et al., 2010; Sexton et al., 2011) . Interestingly, our previous fMRI studies associated partly with the frontal regions indicated increased functional connectivity in RGD (Yuan et al., 2008b; and aMCI patients (Bai et al., 2009b) . We assumed that the decreases observed in the anatomical connectivity were likely to be associated with the compensation in functional connectivity. Interestingly, the altered patterns of the frontal regions appear to be similar in these two groups of patients. These frontal regions are primary sites that are the earliest affected by ␤-amyloid protein accumulation in the development of AD (Jack et al., 2008) . The RGD subjects were found to have similar regional characteristics of frontal regions comparable with aMCI, providing additional support to the theory that RGD may be the prodromal manifestation of AD. Furthermore, the common deficits of decreased connections were mainly distributed between the frontal, temporal paralimbic regions and insula. Although there is a growing amount of evidence that supports the hypothesis of AD as a disconnection syndrome (Delbeuck et al., 2003; He et al., 2009) , this study contributes toward the understanding of RGD and aMCI as a high risk for later developing AD.
Disease-related distinctions of regional/connectivity characteristics in the WM networks A novel finding in this study was the identification of an increased tendency of nodal efficiency of the PCG in the L-AAL WM networks in the RGD compared with the aMCI patients. The PCG was initially thought to be one of the neural bases that mediate both emotional and memory functions . Moreover, Goveas et al. (2011) found that a greater depressive symptom severity was associated with an increased function of the PCG in these interactions. However, the depressive symptoms were controlled with a HDRS score of Յ7 after treatment in the present RGD subjects. A neuropathological study (Rapp et al., 2006) previously demonstrated that AD patients with a lifetime history of depression, including the diagnosis of current and past depressive disorder, showed higher levels of both plaque and tangles in the PCG than AD patients without depression. Our present findings are not fully consistent with this . Between the aMCI and RGD patients, no connected components with significant difference were found. Note that the FN-weighted WM network for each participant was constructed using the AAL template. The nodes and connections were mapped onto the cortical surfaces using in-house BrainNet viewer software (www.nitrc.org/projects/bnv/).
report because a greater pathology in the PCG in the aMCI than the RGD patients would best explain the differences observed between the two groups. However, we cannot exclude the possibility that the antidepressant medication of the RGD patients may be a reason for the high regional efficiency. Importantly, there was no significant disrupted nodal efficiency of the PCG in the WM networks between the patients and the controls, although previous DTI studies related to RGD (Yuan et al., 2010) and aMCI (Bai et al., 2009a) found altered regional integrity in this structure. This implied that the homeostasis (i.e., nodal efficiency of PCG) of complex networks allowing for the segregation and integration of information processing seemed to be more solid compared with regional changes. Another possible explanation of the increased nodal efficiency in RGD was that there was indisputable evidence of the early functional and structural impairments of PCG in aMCI (Fennema-Notestine et al., 2009; BeasonHeld, 2011 ) and its assumed role in memory processing in connection to hippocampus (Kenny et al., 2011) , whereas the predominance of cognitive impairments in aMCI is associated with memory function (Petersen et al., 1999) . In addition, our high-resolution structural brain networks showed sporadic prefrontal regions that were associated with a discrepant nodal efficiency in the WM networks in the RGD compared with aMCI patients. The prefrontal lobe system usually plays a vital role in mood regulation and cognitive function (Milak et al., 2005; Bae et al., 2006) , which is involved in the pathogenesis of RGD and aMCI (Butters et al., 2008) . The finding further suggests that regional characteristics of the prefrontal regions may also be a valuable marker for distinguishing RGD from aMCI. Therefore, WM network analyses had sufficient sensitivity to identify the distinctions between aMCI and RGD patients. From connectivity-based analysis, we found two patient groups with distinct patterns of reduced connections (i.e., right-hemispheric asymmetries in the disrupted connected components in the RGD and bilateral deficits in the aMCI subjects). These findings are consistent with evidence that the right hemisphere is selectively involved in the processing of negative emotions (e.g., characterizing symptoms in depression) (Hecht, 2010) and that complicated circuits associated with the bilateral brain could provide significant discriminant features for the classification of patients with cognitive impairments (e.g., MCI) (Wee et al., 2012) .
Methodological issues
There are several issues that should be addressed. First, the tracking procedure of deterministic tractography always terminates when it reaches regions with fiber crossings and low FA values because of the "fiber crossing" problem. This may result in a loss of existing fibers. Other studies have proposed the use of probabilistic tractography to define network edges (Iturria-Medina et al., 2008; Gong et al., 2009b) , which could be helpful in addressing these issues. Second, we performed two parcellation methods (L-AAL and H-1024) to construct the WM network. The network analysis of the global properties showed comparable results. Nevertheless, there were also some discrepancies in the regional alterations between the aMCI and RGD groups. Such discrepancies may be driven by differences in the graph properties under the different node scales (Fornito et al., 2010; Zalesky et al., 2010a) or the subregions of some anatomical structures (e.g., PCG). There- Figure 6 . Hub distributions and regional differences of high-resolution networks (H-1024) in the HC, aMCI, and RGD groups. A, Three-dimensional representations of the hub distributions in the control, aMCI, and RGD groups. The hub nodes are shown in red with the node sizes representing their nodal efficiency values. The regions were mapped onto the cortical surface at a lateral view. B, The distribution of the nodes exhibited significant group effects in the nodal efficiency among the three groups at p Ͻ 0.005 (uncorrected). The node sizes indicate the significance of between-group differences in the regional efficiency. Post hoc tests showed that most of the nodes (36 of 42) exhibited a reduced efficiency in both of the aMCI and RGD patients relative to the controls. Between the aMCI and RGD groups, three nodes in the prefrontal cortex (in green) have a reduced efficiency in the RGD patients than the aMCI patients. One node in the left inferior frontal gyrus (in yellow) showed a reduced efficiency in the aMCI patients compared with the RGD patients. The network shown here was constructed by averaging the anatomical connection matrices of all of the healthy controls with a threshold of a sparsity of 1%. The nodes and connections were mapped onto the cortical surfaces using in-house BrainNet viewer software (www.nitrc.org/projects/bnv/). fore, graph analyses with different spatial resolutions would be necessary and important to provide a more comprehensive picture of the topological alterations of brain networks in the patients. Third, the recruitment of the present aMCI subjects was based only on clinical criteria. Some of the subjects may not have displayed any underlying AD pathology and may represent a "contamination" of the sample with non-AD cases. This may be resolved by obtaining additional biomarker information to better characterize the study groups. This would further support the current diagnosis of "aMCI due to AD," as was recently published in the revised diagnostic criteria for AD (Dubois et al., 2010) . Finally, the present three groups were not matched for age, albeit the fact that the age effect was removed in all of the network analyses. Therefore, these data should be interpreted with caution.
